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Abstract— In the field of autonomous driving and mobile
robotics, there has been a significant shift in the methods used
to create Bird’s Eye View (BEV) representations. This shift
is characterised by using transformers and learning to fuse
measurements from disparate vision sensors, mainly lidar and
cameras, into a 2D planar ground-based representation. How-
ever, these learning-based methods for creating such maps often
rely heavily on extensive annotated data, presenting notable
challenges, particularly in diverse or non-urban environments
where large-scale datasets are scarce. In this work, we present
BEVPose, a framework that integrates BEV representations
from camera and lidar data, using sensor pose as a guiding
supervisory signal. This method notably reduces the dependence
on costly annotated data. By leveraging pose information, we
align and fuse multi-modal sensory inputs, facilitating the
learning of latent BEV embeddings that capture both geometric
and semantic aspects of the environment. Our pretraining
approach demonstrates promising performance in BEV map
segmentation tasks, outperforming fully-supervised state-of-
the-art methods, while necessitating only a minimal amount
of annotated data. This development not only confronts the
challenge of data efficiency in BEV representation learning but
also broadens the potential for such techniques in a variety of
domains, including off-road and indoor environments.

I. INTRODUCTION

Mapping and reconstructing the environment is pivotal
in the domain of autonomy, be it for mobile robotics or
autonomous vehicles. Understanding the surroundings is not
merely a precursor but a necessity for subsequent tasks
such as navigation, planning or manipulation within these
environments. Decades of research across robotics and com-
puter vision have been dedicated to this endeavour, adopting
diverse methods, representations, and sensors tailored to
specific tasks. This ranges from online sequential methods
like Simultaneous Localisation and Mapping (SLAM) [1]–
[3] to more batch-type solutions in Structure-from-Motion
(SfM) [4], [5], utilising various sensor modalities, from
cameras [2], [6] to lidars [7], [8]. Representations vary from
sparse landmarks with either hand-crafted [2], [3] or deep-
learned features [9] to dense 3D forms such as meshes
and voxels, including implicit formats from classic signed
distance functions to neural representations [10]–[12]. The
choice of representation - geometric landmarks or semanti-
cally meaningful entities [2], [13]–[16], - further diversifies
mapping approaches.

However, no single “universally optimal” solution exists
that encapsulates all these facets to deliver a general mapping
solution. The right representation, sensor inputs, and the
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desired balance between geometric and semantic information
are crucial in determining the mapping approach.

The evolution of Bird’s Eye View (BEV) representations in
recent years has been significantly influenced by the growing
needs of the autonomous driving industry, where accurately
determining the 3DOF pose of objects and semantics in a
planar world plays an important role. This is particularly cru-
cial in applications such as 2D/3D object detection [17], [18]
and 2D map semantic segmentation [19], [20]. BEV maps
provide a unified representation, merging data from various
sensors into a single, consistent format. This integration, in
line with the planar geometry of the scene, enhances the
learning of rich representations essential for 2D projections
of the world, required in specific applications.

One major challenge in employing this approach, akin
to other fully-supervised methods, is the extensive annota-
tion required. For BEV-related tasks, annotations must be
provided from a different perspective than the input sensor
modality, imposing additional costs and constraints. This is
especially problematic when transferring this knowledge to
different scenarios, such as non-urban or indoor environ-
ments, where large-scale, high-quality datasets are scarce.

The self-supervised paradigm, gaining traction in recent
years, offers a solution, albeit underexplored in the context
of self-supervised BEV representation [21], [22] for multi-
modal fusion, specifically with cameras and lidars. Our
work, BEVPose, addresses this gap. We leverage the rela-
tively inexpensive and readily available ground-truth data,
i.e. sensor poses, to learn and fuse BEV representations
from camera and lidar inputs. The known relative sensor
poses provide a rich supervisory signal for learning latent
BEV embeddings and fusing modalities by aligning BEV
maps. Distinct map features and landmarks emerge implicitly
in the learned “self-pose-supervised” BEV representations,
serving as a solid foundation for subsequent fine-tuning
for downstream tasks like map semantic segmentation. Our
results demonstrate that we can outperform state-of-the-art
BEV map segmentation methods, using only a fraction of
the costly annotated data they require.

In summary, we introduce BEVPose, a method grounded
in self-supervised, multi-modal pretraining with pose su-
pervision at its core. This approach not only facilitates
effective pretraining for downstream tasks like map semantic
segmentation but also outperforms existing fully-supervised
methods. Furthermore, BEVPose distinguishes itself by its
data efficiency, demonstrating the capability to match the
performance levels of fully-supervised methods with signif-
icantly less annotated data and achieving near-par outcomes
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even when limited to just a fifth of the data for fine-tuning,
albeit with minimal compromise.

II. RELATED WORK

While we have already mentioned some related works in
Section I, we summarise them here categorically for ease of
referencing and to consolidate related research.

BEV Map Representations: Recent advances in BEV
map segmentation have seen a variety of innovative ap-
proaches. BEVFusion [19], [20] integrate multi-sensor data
into a unified BEV representation [19]. Similarly, the works
of [17], [18], [23]–[25], FCOS3D [26], and DETR3D [27] in-
tegrate camera and LiDAR data for enhanced 3D perception.
The fusion of multi-modal sensory data is further explored
in papers such as [28], [29], and [30], each proposing
methods for object detection and BEV map segmentation.
Additionally, works like [31] and LSS [32] have made
progress in camera-based 3D perception, converting camera
features to BEV and extending existing models for 3D object
detection. The integration of temporal cues in multi-camera
3D object detection, as studied in [33]–[35], represents
another direction. These efforts collectively contribute to the
ongoing evolution of BEV map segmentation, demonstrating
the potential of multi-modal fusion and advanced perception
techniques in this field.

Self-Supervised Learning: Self-supervised learning has
recently gained momentum, with numerous studies lever-
aging unlabeled datasets for representation learning useful
in downstream tasks. Key contributions in this field include
[36], [37], and work on self-supervised vision transformers
[38]. [39] and [40] have made progress in dense visual rep-
resentations and scalable vision learners, respectively. [41]
have explored fine-grained segmentation networks, while
NeRF [42] represents scenes as neural radiance fields for
view synthesis. Recent advancements also include the work
on static-dynamic disentanglement [43] and CoCoNets [44]
for continuous contrastive 3D scene representations.

III. BEV REPRESENTATION

In our approach, we utilise the BEV map as a compact yet
comprehensive method for reconstructing the surrounding 3D
scene. It provides a unified framework for integrating multi-
modal sensory data and embedding semantic layers, thereby
enriching the overall scene comprehension.

We utilise two distinct and complementary sensory input
modalities in our model: a multi-view camera setup con-
sisting of Nc calibrated surrounding cameras, and a full-
circle 360◦ lidar point-cloud. We presuppose that both the
cameras and the lidar are calibrated, i.e., camera intrinsics
(Kci ∈ R3×3) and extrinsic transformations between cameras
and lidar (T ci

cj , T
l
ci ∈ SE(3)) are known. The geometry

and semantics of the scene are encapsulated in a 2D grid
BEV map, B, on the xz plane, centred at the lidar’s origin.
Each cell of B corresponds to a pillar of a D-dimensional
feature vector, e.g., Bxizj ∈ RD, encoding the geometry and
semantics pertinent to that specific grid cell. An illustrative
overview of our framework is provided in Figure 1.

A. Image Encoder

Each RGB image (RH×W×3) is encoded utilising a shared
backbone and neck architecture into an image feature space
of dimension Cc. To transform these encoded features into
the BEV space, the depth distribution over the features is
requisite. Inspired by LSS [32], we lift the camera features
into the BEV space by learning the discrete depth distribution
of each image feature along its projection ray. After learning
this distribution, the corresponding feature vectors are redis-
tributed along the ray according to weights coming from the
distribution. The depth distribution along the ray is treated as
a finite probability mass function over L uniformly quantised
depth values. The BEV pooling process [19], transforms the
feature volume (RH×W×L×Cc ) of each camera into the BEV
grid, by aggregating and flattening features in each grid cell
along the y-axis (vertical direction) to produce a camera
BEV map Bi

cam. Subsequently, all individual camera BEV
maps are integrated to form the mult-view camera BEV
map Bcam. To expedite the pooling process, we leverage
the pre-established camera calibrations, enabling the pre-
calculation of associations between each pillar of the camera
BEV volume and the final BEV grid map.

B. LiDAR Encoder

The lidar point-cloud is initially voxelised using a
predetermined resolution and subsequently input into the
3D encoder. This process yields a 4D feature volume
(RLx×Lz×Ly×Cl ). This feature volume is then vertically
pooled along the y-axis to generate the lidar BEV map,
denoted as Blidar.

C. Multi-modal Fusion

We achieve the final fused BEV map by concatenating the
camera and Lidar BEV maps, and then applying a cell-wise
max-pooling operation. This fused map is then processed
through an MLP BEV encoder. This additional encoder
is necessary for addressing potential feature misalignments
within the BEV grid map.

IV. BEV ALIGNMENT

As introduced in Section I, inspired by the successful stud-
ies in self-supervised learning [22], [36], [44], we frame our
BEV feature pretraining as a self-supervised BEV alignment
problem, underpinned by pose supervision derived from the
relative pose priors of calibrated multi-view cameras and
lidar sensors. Our aim is to align these BEV maps to learn
latent embeddings that are sufficiently rich to encapsulate
both semantic and geometric nuances of the scene, which
are imperative for the efficacious alignment of features.

Following established practices in self-supervised methods
[27], [39], we formulate our alignment as a contrastive
learning problem, by incorporating a contrastive loss, as
outlined in 1, to embed the alignment objective within our
framework. One approach to framing this alignment problem
involves regarding the lidar BEV, Blidar, as the reference
BEV map, and each individual camera frustum BEV map,
Bi

cam, as the corresponding query. These camera queries and
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Fig. 1. BEVPose’s Framework. This figure illustrates our framework designed to learn latent BEV representations through self-supervision, leveraging
pose as a supervisory signal within a contrastive learning paradigm. Within the framework, multi-view camera images and lidar point-cloud data are encoded
and subsequently transformed and fused into a latent BEV space. This BEV representation encapsulates high-level semantic and geometric features of
the scene in a self-supervised manner by aligning BEV features, which are then fine-tuned for additional downstream tasks like semantic segmentation,
requiring significantly less annotated data compared to fully-supervised BEV segmentation approaches.

lidar reference maps are defined within their respective local
coordinate grids. The goal is to maximise the consistency
between the query and reference BEV maps when using
the ground-truth relative pose (positive sample), T l

c
+, and to

minimise it across all other incorrect relative poses (negative
samples), T l

cj . This objective translates to minimising the
contrastive loss, articulated as:

Lalign = − log
exp(s(Bcam,Blidar;T

l
c
+
)/τ)∑Ns

j=1 exp(s(Bcam,Blidar;T l
cj )/τ)

(1)

where Ns represents the total number of samples and
s(Bcam,Blidar;T

l
c) calculates the similarity score or the

consistency between two BEV maps. This is achieved by
summing the inner products of corresponding feature vectors
after aligning and warping them into the same BEV grid map.
Furthermore, τ serves as a learnable temperature parameter
within this framework.

To elucidate, consider pc as a representative point within
a specific camera BEV grid cell. This point is translated to
the lidar frame using T l

c . Subsequently, the corresponding
lidar BEV feature is deduced by interpolating the lidar BEV
features of the relevant grid cell corners. The similarity
measure is then computed as the sum of inner products of
the correspondingly aligned BEV features, as elaborated in
the following equation:

s(Bcam,Blidar;T
l
c) =

∑
x,z

B̂⊤
camxz

[x, z, :]B̂lidarxz
[i(pl), :]

(2)
Here, B̂[., ., :] represents the BEV feature in the respective
grid, pl is the transformation of pc, i.e. pl = T l

cpc, and i(.)
denotes the interpolation function at a grid cell.

An extensively explored aspect of contrastive learning
pertains to the selection of negative samples [37]. To pinpoint

hard negatives—those with a high likelihood yet incorrect
predictions, thereby guiding the probability distribution to-
wards the ground truth—we utilise a strategy that samples
negative poses from a distribution centred on the poses of
other non-overlapping cameras.

V. EXPERIMENTS

We have undertaken a series of experiments to assess the
performance of our pose-supervised pretraining approach,
with a particular focus on its application to BEV map
segmentation task. This task is chosen as a representative
example to demonstrate the efficacy of our approach in
capturing both the semantic and geometric aspects of the
scene.

During the “self-pose-supervised” pretraining phase, our
model undergoes initial training across the full extent of the
training dataset, deliberately excluding segmentation annota-
tions. Following this preparatory stage, the model is further
refined through fine-tuning, utilising a select fraction of the
training set that includes (resource-intensive) annotations,
with the segmentation head now integrated into the model.

A. Experiments Setup and Architectures

Our experiment setup adopts the widely recognised strat-
egy of initially pretraining the model using an extensive
corpus of unlabelled data, subsequently refining its perfor-
mance through fine-tuning on a considerably smaller dataset
of annotated examples for the specified downstream task.
Following [17], [19], our experimental setup employs the
Swin-Transformer [45] as the image backbone, FPN [46] as
the neck of the image encoder, and VoxelNet [47] as the
lidar backbone. Camera images are resized to dimensions of
(H,W ) = (256, 704), while lidar point-clouds are voxelised

14113



at a resolution of 0.1m. The camera features, once lifted, are
distributed over a depth range discretised into [1, 80] meters
with a step size of 0.5m, resulting in L = 158 discrete depth
values. Optimisation processes utilise AdamW [48] with a
weight decay set to 10−2.

We employ the nuScenes dataset [49] in our study, which
is a widely-used, large-scale public outdoor urban dataset. It
features 850 scenes for training and validation purposes, and
an additional 150 scenes for testing. The dataset is equipped
with data from Nc = 6 cameras and 1 lidar, with the six
cameras collectively achieving a 360◦ field-of-view. For our
BEV map segmentation task, we focus on the annotations
for 6 background classes (commonly referred to as ’stuff’).

For the self-supervised pretraining, our model undergoes
pretraining using the full training set, without employing
segmentation annotations. Following this initial phase, a
select fraction of the training set (from 10% to 50%) -
comprising data with (expensive) annotations - is employed
to fine-tune our model, now with the segmentation head
integrated, to refine its performance further.

B. Efficacy of Pretraining and Segmentation Evaluations

Following the self-supervised pretraining phase, we align
with the practices in [50] and [19] to incorporate a task-
specific head for semantic segmentation. We then compare
the accuracy of our segmentation against baseline models and
other state-of-the-art methods in this task. For classifying
each semantic category within the specified “stuff” labels,
we employ a binary semantic segmentation decoder. This
decoder is equipped with three upsampling layers, each
upscaling the latent BEV representation by a factor of 2, to
its final dimension. To train this segmentation head, a focal
loss [51] is utilised.

Our comparison adheres to the standard settings estab-
lished after [32], such as a map size and resolution defined
as a 100 × 100 meters region around the ego-car, with
a resolution of 0.5m per grid cell. The Intersection-over-
Union (IoU) and mean IoU (mIoU) metrics are used for each
semantic label as the primary indicator of model performance
accuracy.

We benchmark our framework’s performance against a
range of baselines and competitive approaches across both
singular modalities (either camera or lidar) and multi-
modal (camera+lidar) configurations. Our objective is to
quantify the performance enhancement attributable to our
self-supervised pretraining. Initially, we employ the entire
training dataset for both pretraining and fine-tuning phases to
compare our model’s effectiveness against fully-supervised
counterparts. The outcomes are summarised in Table I.

Our method consistently surpasses both single and multi-
modal benchmarks as well as the state-of-the-art (overall
improvement of 5.1%) across various categories, as demon-
strated by the IoU and mIoU metrics in Table I. This un-
derscores the significant performance uplift achieved through
our self-supervised pretraining, which notably incurs a lower
annotation cost compared to the extensive segmentation
masks necessary for fine-tuning.

Fig. 2. BEVPose Performance Across Training Data Proportions. This
figure presents a detailed comparison of the BEVPose model, employing
self-supervised pretraining, against the fully-supervised method of BEVFu-
sion [19], across a range of training dataset proportions used for fine-tuning.
It is noteworthy that BEVFusion [19] utilises the full dataset for training.
The left graph illustrates the mean IoU achieved by both approaches,
underscoring that BEVPose equates to BEVFusion [19] with less than 44%
of the annotated training data, thus showcasing the value of self-supervised
learning when leveraging a smaller quantity of ground-truth annotations.
The right graph extends this analysis to the performance in individual
categories (carpark, walkway, lane, drivable, stop line, and crossing). This
comparison reveals BEVPose’s potential for real-world deployment where
the availability of annotated data might limit fully supervised methods.

While the performance gains are crucial, another key
consideration, especially relevant to autonomous driving and
robotics, is data efficiency. In subsequent experiments, we
evaluate our model’s efficacy when fine-tuned on a limited
portion of the training dataset, benchmarking against fully-
supervised methods such as BEVFusion [19]. As illustrated
in Table II and Figure 2, BEVPose matches [19] with
less than 44% of the annotated training data and achieves
comparable results with just 20% of the data for fine-
tuning. This data efficiency suggests a minor trade-off in
overall performance may be acceptable in various appli-
cations, given the reduced annotation requirement. It also
renders our approach particularly suitable for transfer to other
domains, especially off-road rough terrain settings, where
large-scale, high-quality datasets akin to nuScenes [49] for
urban environments are not readily available.

C. Qualitative Results

In Figure 3, we present a selection of our qualitative
results, showcasing scenes of varying complexity. The first
column of each set displays the 2D projected lidar point-
cloud, while the subsequent columns illustrates images from
the surrounding multi-view cameras, encompassing front,
back, front-right, back-right, front-left, and back-left perspec-
tives. These are followed by the predicted BEV segmentation
maps. For additional qualitative results, please refer to the
supplementary video file.

D. Ablation Studies

To validate our design decisions and analyse our frame-
work’s behaviour under diverse conditions, we investigated
its performance across different parameter settings, including
voxel size and depth discretisation resolution. In a separate
study, we explored the impact of the modality selected for
fine-tuning. After multi-modal self-supervised pretraining,
we fine-tuned the model using ground-truth data, while freez-
ing the backbone of one modality and fine-tuning the other.
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TABLE I
EVALUATION OF BEV MAP SEGMENTATION ON THE NUSCENES DATASET. OUR APPROACH OUTPERFORMS BOTH SINGLE AND MULTI-MODAL

BASELINES, INCLUDING THE STATE-OF-THE-ARTS. INITIATED WITH SELF-SUPERVISED PRETRAINING USING POSE DATA, IT IS FINE-TUNED WITH

GROUND-TRUTH SEGMENTATION ACROSS THE COMPLETE TRAINING SET. THE ABBREVIATIONS ’C’, ’L’, AND ’C+L’ DENOTE CAMERA, LIDAR, AND

CAMERA+LIDAR MODALITIES, RESPECTIVELY. THE MEAN IOU (MIOU) FOR EACH METHOD IS LISTED IN THE FINAL COLUMN.

Method Modality carpark walkway lane drivable stop line crossing mean

LSS [32] C 39.1 46.3 36.5 75.4 30.3 38.8 44.4
CVT [50] C 35.0 39.9 29.4 74.3 25.8 36.8 40.2
OFT [52] C 35.9 45.9 33.9 74.0 27.5 35.3 42.1
M2BEV [53] C - - 40.5 77.2 - - -

CenterPoint [54] L 31.7 57.5 41.9 75.6 36.5 48.4 48.6
PointPillars [55] L 27.7 53.1 37.5 72.0 29.7 43.14 43.8

MVP [56] C+L 33.0 57.0 42.2 76.1 36.9 48.7 49.0
PointPainting [57] C+L 34.5 57.1 41.9 75.9 36.9 48.5 49.1
BEVFusion [19] C+L 57.0 67.6 53.7 85.5 52.0 60.5 62.7
BEVPose (Ours) C+L 62.1 72.5 58.9 89.6 57.2 66.5 67.8

TABLE II
EFFICACY OF SELF-SUPERVISED PRETRAINING. EVALUATION RESULTS OF BEVPOSE, LEVERAGING SELF-SUPERVISED PRETRAINING WITH POSE

SUPERVISION, AGAINST THE FULLY-SUPERVISED BENCHMARK METHOD PROPOSED IN [19]. THIS EVALUATION SPANS VARIOUS PROPORTIONS OF THE

TRAINING DATASET, ALL UTILISING GROUND-TRUTH ANNOTATIONS FOR FINE-TUNING. ’C+L’ DENOTES THE USE OF BOTH CAMERA AND LIDAR

MODALITIES. THE FINAL COLUMN REPRESENTS THE MEAN INTERSECTION OVER UNION (MIOU).

Training Data Method Modality carpark walkway lane drivable stop line crossing mean

100% BEVFusion [19] C+L 57.0 67.6 53.7 85.5 52.0 60.5 62.7

10% BEVPose (Ours) C+L 49.1 60.5 46.9 76.3 45.5 52.4 55.1

20% BEVPose (Ours) C+L 54.2 63.9 51.1 81.9 49.8 57.1 59.7

50% BEVPose (Ours) C+L 57.7 68.5 54.4 86.8 52.7 61.2 63.5

TABLE III
ABLATION STUDY OF BEVPOSE. THIS STUDY EXAMINES THE

PERFORMANCE OF OUR MODEL UNDER VARYING DESIGN PARAMETERS

AND WITH DIFFERENT COMBINATIONS OF INPUT MODALITIES FOR

FINE-TUNING PHASE. THE LAST COLUMN INDICATES MIOU. THE BOLD

NUMBER REPRESENTS THE PERFORMANCE IN OUR FINAL CHOSEN

SETTING.

mIoU

Fine-tuned Modality
Camera-only 61.0
Lidar-only 53.2

Camera+Lidar 67.8

Lidar Voxel Resolution 0.2m 63.6
0.1m 67.8

#Depth Discrete Values (L) 79 60.1
158 67.8

Table III summarises the outcomes of these ablation studies,
with bold figures denoting the performance in our optimally
chosen configuration. As indicated in Table III, fine-tuning
with only camera data yields better performance compared
to lidar-only, whilst a multi-modal approach delivers the best
results.

E. BEV Embeddings

To conduct a qualitative assessment of the learned pose-
supervised BEV embeddings, particularly their effectiveness
in capturing high-level geometric and semantic information
of the scene, we apply principal component analysis (PCA)
to project the high-dimensional, fused latent BEV features
into the RGB 3-space. As illustrated in Figure 4, this visu-
alisation effectively unveils various semantic and geometric
structures inherent in the BEV representation, including but
not limited to roads, intersections, and the like. Furthermore,
it distinctly highlights the camera BEV features emanating
from the surrounding frustums.

F. Robustness Evaluation

Assessing the robustness to sensor dropout is a critical
aspect of evaluating multi-modal fusion frameworks. Fig-
ure 5 demonstrates the capability of our framework, which
has undergone both pretraining and fine-tuning, to maintain
performance integrity in the absence of one sensor modality
during inference. The model exhibits a stable performance
under conditions of sensor dropout. In scenarios utilising
only the camera modality, the predicted BEV map spans
wider ranges, albeit at a compromise to geometric precision.
Conversely, the lidar-only mode, while constrained to nearer
ranges, yields superior geometric accuracy.
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LiDAR Point-cloud Multi-view Camera Images BEV Map Segmentation
drivable
walkway

crossing
lane

stop line

Fig. 3. Qualitative Results. This figure presents the predicted BEV map segmentations across scenes with diverse levels of complexity. The leftmost
column illustrates the lidar point-clouds. The middle columns display the six surrounding cameras, arranged from left to right as follows: front-left, front,
front-right, back-left, back, and back-right. The rightmost column features the predicted BEV segmentations, with class labels including car park, walkway,
lane divider, drivable area, stop line, and pedestrian crossing. The ego-vehicle is positioned at the centre of each map, facing upwards.

LiDAR Point-cloud Multi-view Camera Images Projected BEV Embeddings

Fig. 4. BEV Embeddings. An illustration of the self-supervised latent
BEV 256-dimensional features projected into the RGB 3-space using PCA.
The visualisation clearly demonstrates that these latent BEV representations
capture high-level geometric and semantic information, such as roads, inter-
sections, walkways, and other significant landmarks observable in camera
frustums. The first row displays the lidar point-cloud, all 6 surrounding
camera images, and their corresponding latent BEV embeddings. For brevity,
only BEV features for various scenes are shown in the second row.

VI. LIMITATIONS

BEVPose addresses a significant challenge in the recent
trend of employing 2D BEV representations, specifically
the pursuit of data-efficient method. It introduces a self-

supervised, pose-guided, multi-modal BEV pretraining ap-
proach. However, this paper does not explore the integration
of explicit multi-view camera constraints, such as stereo
vision or depth sensing, into our pipeline — a direction
we aim to pursue in future research. A practical scenario
to consider is the application of stereo vision or RGB-
D cameras in mobile robot navigation. Integrating explicit
stereo-camera configurations into BEVPose could signifi-
cantly expand its applicability for more diverse indoor and
off-road environments.

VII. CONCLUSION

BEVPose, our proposed framework, demonstrates an ad-
vancement in using self-supervised learning for fusing BEV
representations from camera and lidar data. By leveraging
sensor pose information, it effectively reduces reliance on
extensive annotated data, particularly beneficial in diverse
environments. The framework shows promising results in
BEV map segmentation tasks, rivalling state-of-the-art meth-
ods with considerably less annotated data.

We aim to enhance BEVPose by incorporating temporal
constraints using the trajectory data of autonomous agents.
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LiDAR Point-cloud Front Camera Image Camera-only drivable
walkway

crossing
lane

stop line

LiDAR-only Multi-modal

Fig. 5. Robustness Evaluation for Sensor Modality Dropout. This figure assesses the robustness of our framework against sensor dropout, illustrating
BEV segmentation predictions when various modalities are omitted. The first column displays the lidar point-cloud, and the second column shows the
camera image (only the front camera is represented, with the other 5 camera views omitted for brevity). The leftmost predicted map results from using
only the camera modality (excluding lidar), the middle map depicts predictions based on lidar-only, and the rightmost column illustrates predictions derived
from fusing both modalities. The prediction maps confirm the framework’s robustness to sensor dropout: the camera-only mode achieves broader coverage
with less precise geometry, while the lidar-only mode provides enhanced geometric fidelity albeit over a more limited range. This robustness is crucial for
the practical application of multi-modal fusion models in real-world autonomous driving scenarios.

This could lead to more temporally coherent BEV represen-
tations. Additionally, we intend to explore the framework’s
application in varied environments such as off-road and
indoor settings, and extend its use to other autonomous
navigation tasks like 2D/3D object detection. Integrating
other sensor modalities, such as depth sensors and radar, also
presents an exciting avenue for further research.
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3d detection,” Advances in Neural Information Processing Systems,
vol. 34, pp. 16 494–16 507, 2021.

[57] S. Vora, A. H. Lang, B. Helou, and O. Beijbom, “Pointpainting:
Sequential fusion for 3d object detection,” in Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition,
2020, pp. 4604–4612.

14118


